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ABSTRACT
A global site selection for astronomy was performed with 1 km spatial resolution (∼
1 Giga pixel in size) using long term and up-to-date datasets to classify the entire
terrestrial surface on the Earth. Satellite instruments are used to get the following
datasets of Geographical Information System (GIS) layers: Cloud Coverage, Digital
Elevation Model, Artificial Light, Precipitable Water Vapor, Aerosol Optical Depth,
Wind Speed and Land Use – Land Cover. A Multi Criteria Decision Analysis (MCDA)
technique is applied to these datasets creating four different series where each layer
will have a specific weight. We introduce for the first time a “Suitability Index for
Astronomical Sites” namely, SIAS. This index can be used to find suitable locations
and to compare different sites or observatories. Mid-western Andes in South America
and Tibetan Plateau in west China were found to be the best in all SIAS Series.
Considering all the series, less than 3 % of all terrestrial surfaces are found to be
the best regions to establish an astronomical observatory. In addition to this, only
approximately 10 % of all current observatories are located in good locations in all
SIAS series. Amateurs, institutions or countries aiming to construct an observatory
could create a short-list of potential site locations using layout of SIAS values for
each country without spending time and budget. The outcomes and datasets of this
study has been made available through a web site, namely “Astro GIS Database” on
www.astrogis.org.
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1 INTRODUCTION
Constructing an astronomical observatory hosting a tele-
scope is an engineering application with cost-efficiency in
mind. However, the main reason to have a protected tele-
scope is to collect and focus as much photons as possible
without being disturbed by the atmosphere or light sources
not originated from space. Therefore, astronomers have been
trying to find the best locations so that their investments on
“telescope time”could become cost–efficient when number of
clear nights goes above 90 % annually, corresponding almost
eleven months. At the moment, the best observatory sites are
highly telescope populated. However, they are not many in
number. So, while Thirty Meter Telescope (TMT – 30 m)
and European Extremely Large Telescope (E-ELT – 39 m)
? E-mail:naksaker@cu.edu.tr
are being built on these kind of sites, the future of ground-
based astronomy is based on finding more of the best of the
best sites (Sarazin et al. 2006; Scho¨ck et al. 2009). On other
hand, demand for small– to medium–sized dedicated tele-
scopes have always been on the rise; simply because the first
concern is to collect photons for each of the question asked
by the astronomers. Therefore, demand to find suitable sites
for each telescope and observatory pair will continue to be
an important topic for both astronomers and engineers.
Astronomers have been walking through the path of
observation for many decades while science and technol-
ogy working hand to hand to support them. Therefore, this
path has to be simplified for both observers and engineers
by finding an answer to the following question: How one
chooses and/or builds an observatory with all the required
constraints involved in the question to be solved?
In the last decade, an empirical relation between the
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cost (C) and size (D) of the telescope has been widely used:
C ∼ Dα (1)
where D is the aperture of the telescope in meters. Due to im-
provements in technology within the past decade, the value
α has decreased from 2.7 to 2.0 (van Belle et al. 2004). There-
fore, it is safe to assume that almost every institution or or-
ganization could find required budget to have their questions
answered with their own instruments under an observatory
constructed in a suitable observatory site.
Even though there is no official list of observatories with
all the mandatory properties listed, unofficial list with sim-
ple details contains more than two thousands observatories
(recent number is ∼2122; shown in Fig. 1). In addition to
this, due to the nature of astronomy, observers usually do
not register their observatories or their instruments unless
they are used in scientific campaigns. Therefore, it is easy
to assume that in future we would expect to have more and
more observatories being built hosting telescopes with vary-
ing sizes. However, even though all is good for the technolo-
gies used in observatories, statistically and practically it is
not the same story for selecting observatory sites. In the
past;
• Observers as well as engineers, didn’t pay much atten-
tion to the importance of the site selection (see Section 4.1).
Note that even in the early years of now mid–sized telescope
constructions site testings were not very detailed.
• Atmospheric conditions weren’t measured, recorded or
cataloged as much as needed.
• Due to technological limitations small-sized telescopes
were preferred over costly large telescopes and they were
allocated mostly close to the institution.
Therefore, when site selection is involved in today’s ecol-
ogy of astronomy and engineering, one needs to not spend
budget and time over and over again to find just a single
suitable site for all the constraints involved.
This work attempts to solve the overhead of “site selec-
tion” once for all globally by using the whole land surface of
Earth; for amateurs, astronomers, institutions, governments,
in general for anybody who wants to have an idea of the site
before starting up a project.
1.1 Site Selection
Site selection procedure is complex due to its nature: Data
from different sources are combined and analyzed together.
Tools and techniques of Geographic Information System
(GIS) have already provided many solutions to these kind
of problems where it offers cost and time efficient solutions
to decision makers. Therefore, GIS techniques in site selec-
tion is widely used in many fields: hospitals, solar and wind
farmsteads, urban solid waste plants, as well as observato-
ries (Nas et al. 2009; Soltani & Marandi 2011; Uyan 2013;
Noorollahi et al. 2016).
In the case of an astronomical observatory site, another
important parameter would be the major wavelengths aimed
in the scientific rationale of the observatory. Thus, when
observations on longer wavelengths, especially in infrared,
are aimed then observers expect to have lower water vapor
content in the atmosphere. This can be achieved if PWV
measurements are involved in the selection process (Otarola
et al. 2019; Ku¨c¸u¨k et al. 2012). For radio astronomy, RFI
(Radio Frequency Interference) should also be included as a
layer as well as PWV (Umar et al. 2014). Note also that a
recent site testing study by Otarola et al. (2019) included
PWV, Temperature and Wind data from radiosonde mea-
surements for a limited time span and for a localized region
centered mainly on observatory sites. They summarize that
PWV and Temperature are very important in site selection
for radio astronomy however, wind vertical profile has to be
obtained for the final decision.
Another recent site selection exercise was carried out
for Iran’s 3.4m optical telescope (Nasiri et al. 2019). They
have used available long–term meteorological and geograph-
ical parameters. Similarly, in Pakistan Daniyal & Hassan
Kazmi (2019) conducted a study to identify potential op-
tical telescope sites by using “Analytical Hierarchy Process
(AHP) with a Multi Criteria Decision Analysis (MCDA)”
technique.
The most comprehensive work on the global scale site
selection was carried out for the 39 meter “European Ex-
tremely Large Telescope (E-ELT)”: FriOWL (Sarazin et al.
2006). They have used satellite data including various cli-
matological parameters. FriOWL used GIS techniques by in-
cluding several astro–climatological layers together: monthly
mean temperature, outgoing longwave radiation, water va-
por, cloud coverage, wind, aerosol index (Graham et al.
2005). It’s spatial resolution was around 2.5 × 2.5◦ (approx-
imately 300 × 300 km2). It contains several climatic layers
with a time coverage of approximately 15 years. Since many
parameters with many different data types (satellite data,
processed ground–based data etc.) were involved together,
it was found to be useful even though it has a limited spatial
resolution with limited temporal resolution up to year 2002.
However, at the end, it was successfully used for finding the
best site for the E-ELT.
Another recent study by Hellemeier et al. (2019)
which uses again FriOWL on site testing compiled astro-
climatological data from 15 cites distributed all around the
world for a period of 45 years. They conclude that having
a long-term dataset combined with seasonal variation could
elevate the importance of the astronomical observatory sites.
Continuous improvements on meteorological models re-
sult in lower spatial resolution of the atmospheric layers.
One of the latest studies in these kind of modeling is done by
Osborn & Sarazin (2018). They applied “the European Cen-
tre for Medium range Weather Forecasts (ECMWF)” model
successfully in astronomical site testing.
In Table 1, a summary of earlier astronomical site se-
lection studies by different groups are given along with GIS
layers used. In all these works, two layers found to be com-
mon: Cloud Coverage and Altitude. We also include Artifi-
cial Light (AL) as an important layer because the light pol-
lution in operational observatories becomes more and more
invasive.
2 DATASETS
When constructing a data collection for GIS analysis it is
always preferred the layer to cover a long time series. This
can easily be achieved when polar orbiting satellites monitor
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the Earth from space to surface. Since their lifetimes are
long enough, they will naturally produce long, continuous
and consistent databases. Typical date range for such the
Earth observing satellites are around 5 years.
In this study, we have collected the following datasets
from different missions and instruments on board these satel-
lites. Links, websites, resources or repositories of dataset we
downloaded are listed in Table 2. Downloading the layers
are automated using an in-house coded python script.
Note that the Antarctica continent has been excluded
from the analysis because the continent does not have
datasets for all layers; it has only CC, DEM and PWV. How-
ever, due to the continent’s special location, these datasets
have to be studied separately. In this continent, CC is ex-
pected to be very small on average.
In all datasets (except AOD) not all time coverage was
used, only twilight and nighttime were selected. The rea-
son to ignore the daytime is simply because we aim to find
“clear skies”during the night (optical telescopes work during
nighttime). However, we have to also include twilight not to
make discrete time span in the dataset.
2.1 Cloud Coverage - CC
Cloud coverage or cloudiness is defined as the percentage
of sky covered with clouds at the desired geographical co-
ordinate (Glickman 2000). Note that astronomical observa-
tions rely on clear skies having almost no clouds in the sky.
Therefore, CC is the first and the most important layer of
astronomical site selection; see discussions in Graham et al.
(2005); Sarazin et al. (2006); Varela et al. (2008); Aksaker
et al. (2015). This fact can also be deduced from Table 1. CC
can be recorded with many different methods: by synoptic
naked-eye observations (Lau & Crane 1997; Bre´on & Colzy
1999; Norris 1999), by using lidar and radar methods (Intri-
eri et al. 2002), by using an “All Sky Camera” (Ackerman
& Cox 1981; Pfister et al. 2003; Long et al. 2006) or using
satellite monitoring (Venkatappa et al. 2019).
Since satellite data have good temporal and spatial
resolution in determining cloud coverage we preferred it
over the other methods. MODIS (Moderate Resolution
Imaging Spectroradiometer) instrument has MOD35 L2 &
MYD35 L2 cloud coverage products that contain “Cloud
Mask” layer. Global astronomical site selection should also
take into account geographical conditions, climatic condi-
tions and orography as well as the cloud coverage. Therefore
atmospheric datasets should be sensitive to certain extreme
conditions such as desert, snow, ice and altitude etc. (Ack-
erman et al. 1998; Frey et al. 2008).
The MODIS instrument provides 288 HDF4 files per
day except for AOD. MODIS data is in HDF4 format (5-
minute granule size for swath 2330 x 1354 km). An open
source python library was used to convert them into a GIS
suitable format. Conversion into GEOTIFF format accord-
ing to WGS84 DATUM criteria was handled by two python
functions (warp & translate) of GDAL (Geospatial Data Ab-
straction Library Virtual Format) library.
The “Cloud Mask” data of MODIS consist of 48-bits
per pixel information. Only the first eight bits are extracted
and used in classifying the clear sky and the cloud detection
(Platnick et al. 2003). The last bit of this extracted bit block
determines whether cloud detection algorithm was used or
not. The sixth and the seventh bit of the block are used to
introduce an index for CC. Since bit-wise operation requires
a lot of CPU power, parallel programming has been imple-
mented in some parts of the code. Using this index a daily
average has been calculated at each pixel. The long-term
daily mean CC average obtained by combining datasets of
both Aqua and Terra satellites. The resultant CC map is
shown in Fig. 1.
Cloud dynamics show instantaneous variations that are
mainly due to temperature, wind speed, wind direction and
orography. However, on the global scale cloud circulations
are due to Earth’s shape, Earth’s rotation speed and direc-
tion, and dependence on the latitude. This global variation
can also be marked as northeasterly and southeasterly trade
winds on Fig. 1.
Examination of CC reveals the following points on the
global scale: a) Clear night sky (i.e having less cloud cover-
age during night) counts are higher for west of South and
North America, north and northwest Africa and Australia
than the rest of the world; b) Some of localized counts are
due to climatological and geographical conditions; c) For
west of South America, South Africa and Australia, clear
night sky counts are due to the latitude effect; d) Similarly,
for northern hemisphere latitude effect is generally less pro-
nounced.
2.2 Digital Elevation Model - DEM
Elevation (Altitude) is also another important criterion in
astronomical site selection. As the altitude of the site gets
higher the site becomes less affected from atmospheric events
such as clouds and aerosols, and therefore have potentially
good seeing values (Aksaker et al. 2015). Thus the best place
will be above the atmosphere. DEM is a 3D model for vi-
sualizing coordinate components of any topography and the
differences of the altitudes. The DEM datasets are stored as
raster format digital images. The reference surface for any
altitude point is generally taken as the average sea level.
There exists many different resolutions for DEM, rang-
ing from 30 m to 1 km. GTOPO30 with 1 km resolution
DEM is used in this work. It has a horizontal grid spacing
of 30′′ (corresponding approximately to 1 km) and vertical
units represent altitude in meters above mean sea level. It
covers latitudes from 90◦ north to 90◦ south, and longitudes
between 180◦ west to 180◦ east. The DEM data set has 33
smaller pieces, or tiles in GEOTIFF format. The layer is
given in Fig. 1.
2.3 Artificial Light - AL
Humanity is perturbed the world surface that can be seen
from space at night. The light created artificially increases
the sky brightness, which is now defined as “light pollution”.
In a light polluted region on the surface, the background of
the sky increases and therefore number of stars observed de-
creases exponentially. At the moment, one-third of humanity
cannot see the Milky Way. Moreover 80 % of the world live
in light polluted regions (Falchi et al. 2016).
Astronomers look for sites having skies that are not pol-
luted with artificial light. Thus, nighttime image of Earth’s
surface will reveal “dark” regions as locations producing po-
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tentially less amount of artificial light. Therefore, collected
nighttime images will be the AL dataset.
The nighttime data are from the Visible Infrared Imag-
ing Radiometer Suite (VIIRS)-Day Night Band (DNB)
where DNB is in visible band. The radiometric resolution
of dataset is up to 14 bits in visible to red wavelengths
(0.5−0.9µm) with radiation counts around 2×10−9 W cm−2
sr−1 (Nurbandi et al. 2016).
The dataset covers the world from 75 N to 65 S latitudes
with 15′′ grid size in a 6–cell set GEOTIFF format with
a spatial resolution of 742 m per pixel. Nighttime images
are produced daily. However, Elvidge et al. (2017) filtered
out non-artificial light sources (eg. lightning, fishing boats,
clouds) and they created a database of images (monthly and
yearly) on the website of the dataset. The dataset is ready
to be used in GIS. Two different types are used: 1) extension
“vcm-orm-ntl” (version in which VIIRS Cloud Mask, Outlier
Removed and Nighttime Lights); 2) extension “Avg rade9”
(brightness normalized with 10−9). The layer is given in Fig.
1.
2.4 Precipitable Water Vapor - PWV
PWV products of MODIS contain two different algorithms:
a) near infrared (daytime with 1 km spatial resolution); b)
infrared (both day and nighttime with 5× 5 km2 spatial res-
olution). Since astronomical site selection concerns night-
time sky conditions, infrared algorithms are preferred. Note
that MODIS atmospheric profile product (MOD07 L2 &
MYD07 L2) consists also other atmospheric datasets such as
ozone, temperature profile, atmospheric stability and mois-
ture profile.
The dataset contains 5 minutes swath images at 6.1 ver-
sion (C6.1) in HDF4 format with 16–bit integer data type.
The storage size is 288 files per day. Some days are missing
in the dataset, which amounts to a maximum of 3 days per
year. PWV dataset has three subsets for the whole atmo-
sphere: low, high, total. In this study, we only use the last
one. Values of dataset are in cm unit and spatial resolution
is 5 km.
As with the other MODIS products, PWV is converted
to WGS84 datum first, and then a mosaic is created later.
They are stored in GEOTIFF format for further analyses in
GIS. Using both satellites (Aqua and Terra), a mean PWV
image was created for only nighttime. Note that MODIS
generates PWV values only for unclouded pixels. The layer
is given in Fig. 1.
2.5 Aerosol Optical Depth - AOD
AOD is defined as the total optical extinction in a column
of atmosphere normally interpolated to 550 nm (Sayer et al.
2014). AOD is directly related to the transparency of the
sky. Two major entities, clouds and aerosols, degrades the
transparency (Varela et al. 2008). Therefore, a lower annual
AOD level will be good for an astronomical site.
In this study, MODIS instrument on both Aqua and
Terra satellites were used. AOD products are produced us-
ing different algorithms for different contents, namely ab-
sence of cloud, snow and ice cover over land (using Deep
Blue and Dark Target algorithms) and ocean (using Dark
Target algorithm). The spatial resolution of AOD datasets
are 10×10 km and 3×3 km for MOD04 L2 and MOD04 3K
& MYD04 3K, respectively. Both datasets were used to have
a complete coverage.
MODIS delivers 288 HDF files per day. However, since
AOD information is not produced at night, only ∼ 144 files
are used. This is also applied to the AOD dataset with
“Cloud Coverage” where AOD information is obtained from
the“Land and Ocean”Science Data Set (SDS). All data were
merged according to WGS84 DATUM criteria and then con-
verted to GEOTIFF format. The layer is given in Fig. 1.
2.6 Wind Speed - WS
High wind speed increases kinematics of atmospheric parti-
cles, decreasing the stability of the atmosphere. It also in-
directly affects construction cost of the observatory dome.
Therefore, annual lower wind speed is good for an astro-
nomical site However, WS is a meteorological parameter
that changes very rapidly from point to point. Note also
that since wind causes atmospheric turbulence it is directly
correlated with astronomical seeing (Liu et al. 2010).
WS dataset used in this study acquired from the World
Bank supported project called“Global Wind Atlas”. WS was
produced for a height of 10 m above the surface together
with DEM and then reproduced with a resolution of 225 m.
The dataset were combined with the mosaic method. The
layer is given in Fig. 1.
2.7 Land Use and Land Cover - LULC
In an optimal astronomical site selection, selection criteria
should also include the following surface details: the land
use, land cover, water bodies, forest, agriculture land and
barren lands.
The MODIS Land Cover Type Product (MCD12Q1)
provides a series of science data sets (SDSs) that map global
land cover at 5 km spatial resolution at annual time step for
six land cover legends (Sulla Menashe & Friedl 2018). The
MCD12Q1 product is created using supervised classification
of MODIS reflectance data (Friedl et al. 2002, 2010). Interna-
tional Geosphere–Biosphere Programme (IGBL) legend and
classification has also been adopted for this layer (table 3 of
Sulla Menashe & Friedl 2018).
2.8 Other supplementary datasets
The country border data1 is a vector format layer containing
247 regions as countries.
In total 2115 observatory locations2 has been added.
However, whenever available, they have been improved using
observatory’s official website.
1 http://thematicmapping.org/downloads/world_borders.php
2 https://www.projectpluto.com/obsc.htm
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3 GEOGRAPHIC INFORMATION SYSTEM
(GIS) BASED MULTI-CRITERIA DECISION
ANALYSIS (MCDA)
In selecting an astronomical site, the analyst aims to de-
termine an optimum location that would satisfy the selec-
tion criteria. Deciding on an appropriate astronomical site
is based on numerous datasets (aka. layers) collected ac-
cording to criteria specific to astronomical sites. In decid-
ing for a site to accommodate an observatory, the selection
typically involves the evaluation of multiple criteria accord-
ing to several, often conflicting, objectives (Rikalovic et al.
2014). This can be dealt with a key framework of GIS based
MCDA which is considered to be an important spatial analy-
sis method in the decision-making process that allows infor-
mation derived from different sources to be combined (Feiz-
izadeh et al. 2014a).
GIS is designed as a system to capture, store, analyze,
model the spatially referenced data to produce solutions to
complex problems in many different fields (Garc´ıa-Cascales
& Sa´nchez-Lozano 2013). The MCDA technique along with
GIS can assist to categorize, examine and appropriately or-
ganize the collected information for spatial based selection
of astronomical sites.
In this study an MCDA method named as Simple Addi-
tive Weighting (SAW) by Churchman & Ackoff (1954) was
used to assess astronomical site selection process. Since SAW
uses weighted sums, it is accepted as one of the most appli-
cable methods to deal with MCDA, especially under GIS
environment (Tzeng & Huang 2013). Therefore, we have
also used weighted criteria all along the process. Then, the
weight of each criteria layer was multiplied with the pixel
based importance score of the criteria. Therefore, the Suit-
ability Index for an Astronomical Site (SIAS) can then be
calculated using the following equation:
SIASi =
∑
j
WjXi j (2)
SIASi is the index for pixel i; Wj is the relative weight for
jth criteria; Xi j is the importance score of pixel i for the jth
criteria.
MCDA framework of this study consists of three main
stages:
(i) Spatial regulations: All criteria layers were trans-
formed into target spatial resolution of 1 km. CC and
AL layers were processed using “nearest neighbor resample
method” to decrease their original spatial resolutions of 3
km and 742 m to 1 km, respectively.
(ii) Standardization: Multiple criteria of SIAS cannot be
compared or weighted without transforming each layer into a
standardized, common metric. Fuzzy sets have been applied
using sigmoidal function in order to standardize criterion
layers by assigning a degree of membership to each pixel of
the criteria using an asymptotic scale from 0 to 1 (Feizizadeh
et al. 2014b; Gorsevski & Jankowski 2010; Jiang & Eastman
2000).
(iii) Aggregation: In selecting suitable sites for an astro-
nomical observatory, different types of datasets are com-
bined with different types of criteria where at the end suit-
able locations can be subsetted from the global SIAS.
Overlay analysis is a spatial analysis technique used to
merge and sum-up all layers into a single layer by rescal-
ing each layer to a common 0–1 scale. The overlay analysis
within MCDA is called“Weighted Averaging Overlay”which
is the sum of the standardized layers divided by the total
weight. Therefore, overlay analysis is applied in our SIAS
study.
These processing steps were applied to all layers, except
LULC. The pipeline of this analysis is given in Fig. 2. A
summary is given in Table 3 where some additional notes
are listed below:
• Values of DEM dataset for global land areas were be-
tween -4,941 and 8,685 m. Values less than zero in terrestrial
area indicate errors due to the production process of the
data. These incorrect values were rearranged according to
the height of the Dead Sea, Israel (-408 m. It is the deepest
in the terrestrial area of the world).
• Values of AL dataset ranges (0–1,683) W cm−2 sr−1.
The highest value of AL was recorded as 452 W cm−2 sr−1 in
Las Vegas (USA). The dataset was skewed and it is corrected
by using a logarithmic scale. Note that since illumination
varies by the inverse square law, logarithm of AL is used
before it is fed into SFL membership function. On this new
scale, the average value of dataset became -1.24.
• Ocean and sea area were excluded from all dataset leav-
ing only terrestrial surface area.
• Values of AOD dataset for Sahara and Central Asian
deserts were not covered in 3 km resolution. Therefore, these
regions are patched from 10 km resolution by resampling
each pixel to 3 km.
3.1 SIAS Series
A simple methodology is aimed in applying the MCDA anal-
ysis. SIAS series created and layer weights are given in Table
4. In all series created, oceans are masked out therefore, only
terrestrial surface were included. Moreover, the Antarctica
continent has been excluded (see Section 3). In addition to
masking, using LULC’s terrestrial identification, water sur-
faces within lands (e.g lakes, rivers etc.) were also excluded
in SIAS Series.
Series A: A control series where weights of all layers are
equal. All six layers discussed above were included: CC,
DEM, AL, PWV, AOD and WS. By doing so site’s me-
teorological, geographical and anthropogenic properties are
considered to be equal.
Series B: In this series, some of the correlated layers are
excluded:
• PWV is highly correlated with altitude (Aksaker
et al. 2015).
• Astronomical observations usually work during the
night. However, the AOD dataset has not been measured
in the nighttime (Remer et al. 2009) and it decreases as
altitude increases i.e. correlated.
• A limited number of global WS datasets exist: (a)
The ERA5 model dataset3 has a 31 km resolution there-
fore it cannot be used in this study. (b) World Bank’s
wind data was prepared together with DEM and repro-
duced with a resolution of 225 m. Although the resolution
3 https://confluence.ecmwf.int/display/CKB/ERA5
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fits very well as a dataset it is excluded as layer in this
series to avoid DEM to be used twice.
Therefore, as it is done in Aksaker et al. (2015), only CC,
DEM and AL are taken in this series.
Series C: A variation of Series B: We increased impor-
tance of CC twice as of DEM and AL. Having less amount
of CC would mean that a site would have more observing
time. Therefore, a location having a high SIAS Series C value
would be chosen as an observatory site, for example, running
in queue mode or performing long–term surveys. This Series
will then be named as “observing time preferred”.
Series D: Another variation of Series B: This time, the
importance of CC and DEM are interchanged. Note that,
the seeing is highly correlated with the altitude (Racine
2005) (as the altitude increases the seeing values get bet-
ter). Therefore, a location having a high SIAS Series D value
would be chosen for an observatory site, for example, work-
ing in infrared band or expecting higher resolutions in both
imaging and spectroscopy. This Series will then be named
as “seeing preferred”.
The world layout of each series along with SIAS his-
togram are given in Fig. 3. A full country based data access
will be available as a supplement through the publisher’s
repository.
4 RESULTS, CONCLUSION, DISCUSSION
AND OUTCOMES
Using a GIS/MCDA analysis of 7 different layers with an
up-to-date coverage having a fixed 1 km spatial resolution
for all the terrestrial area, an index named as“Suitability In-
dex of Astronomical Sites – SIAS” is introduced for the first
time. Datasets having 1 km spatial resolutions correspond to
approximately 1 Giga pixels in size. Note that since PWV,
AOD and WS are correlated with CC, DEM and AL, the
SIAS Series A shows higher statistical values than the Series
B, C and D. Therefore, it has to be taken as a control series.
In total, four different SIAS series are created for different
site selection purposes.
Since the datasets covers several different wavelength
bands, outcome of this work will also be useful for other
types of observatories working for example in radio astron-
omy. Statistical importance of SIAS Series can easily be
gathered when SIAS values are analyzed on a Normal Dis-
tribution (3σ rule). For each Series the followings are given
in Table 7: (a) minimum, mean, maximum and σ values; (b)
1σ, 2σ and 3σ values; (c) corresponding land surface area
to these three σ levels and their percentages; (d) number
of observatories falling into these three σ levels and their
percentages.
4.1 Conclusions
Important outcomes of four SIAS Series are given below:
• First of all, we confirm the common sense of“astronomi-
cal site selection criteria”: Good sites can be searched around
the top of mountains (regions having dark green color in Fig.
3).
• If a site location is good enough (see discussion below)
then it is found to be good in all four series. Therefore,
the selected site status will be independent of the series (i.e
weights of the layers). Thus, one can select and use output of
a suitable series depending on the purpose of the selection.
• Among all four series there is no single location on Earth
having SIAS equals to 1.00. This is expected because nat-
urally this value cannot be achieved under Earth’s atmo-
sphere.
• A quick visual search on the results shown in Fig. 3,
can be summarized as follows. “The best” locations having
maximum SIAS value in all series, corresponding to regions
having dark green color and ≥ 3σ level are (a) Mid–western
Andes in South America, (b) Tibetan Plateau in west China.
• Similarly, “the good” locations will have SIAS values
corresponding to regions having light green colors and 2σ
level are (a) Greenland, (b) West of North America, (c)
Iran and Arabian Peninsula, (d) West of South America, (e)
Northern, Middle Eastern and Southern regions of Africa.
• Therefore, the rest SIAS values in all series can be
thought as “the worst” locations, corresponding to regions
having yellow, orange and red colors, and ≤ 1σ value.
• Even though there is no obvious longitudinal localiza-
tion on SIAS values, there exist two latitude bands that can
be marked as “the good or the best”: One in 10–50 North
and the other in 10–40 South. These regions are expected
because they fall close to global cloud circulation patterns
of Earth.
4.2 Discussion
• This work is only limited to find or to localize “regions”
all around the terrestrial land surfaces; not to find individual
coordinates.
• SIAS usage can be simplified as Series B: Since some
of the layers are correlated with CC, DEM and AL layers,
these three layers are found to be representing all layers
when “astronomical site selection” is aimed.
• Since the resolution of layer datasets are finalized at
1 km resolution, site selection cannot give definitive results
(e.g specific coordinates) unless datasets having finer reso-
lutions were included (e.g in meter order). Considering all
the series, 3σ level corresponds to ∼ 2–3 % of land surface
which is equivalent to 3.5–5.0 million sq km. In size, this
value is too big. Using a rough but quick calculation, tens of
thousands of astronomical observatory site could be found.
• Therefore, the best way to use SIAS Series is “to elimi-
nate” the worst (≤ 1σ), not “to find the best” (≥ 3σ). More-
over, the final site selection has to be done by performing
long–term bottom–up, on–site measurements.
4.3 Outcomes
Layout of SIAS Series analysis are created for a total of 247
countries. However, countries with small land surface area
(≤ 10, 000 sq km) or countries with many small islands are
excluded. Therefore, country layouts were created only for
168 countries. Among all the others, six countries were se-
lected to compare the results of this work. They are either
well-known in observational astronomy or a recent site se-
lection study was performed on the site (westward longitude
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listed first): Hawaii, Chile, Canary Islands, Iran, Pakistan,
China. Layouts of these regions are given in Fig. 4. Layouts
for the other countries are given as a supplement through
publisher’s repository.
Due to the finalized resolution in the datasets, it would
be wrong to label the whole country as “best, good, worst”
from just statistics of its SIAS Series; localized best “loca-
tions” could be found in the worst “regions”. For example,
in Hawaii and the Canary Islands: While shores of the is-
lands fall into the worst category, volcanic mountains and
their caldera are at the best category. Similarly, this is the
same for Chile, China, Iran and Pakistan where they have
recently performed a site selection study.
SIAS Series analysis are also created specifically for 15
observatory sites having +4 m telescopes (in Table 6). Using
the 3σ rule given in Table 7, the following points are noted
for these observatories: (1) All are around or above 1σ in all
of the Series; (2) Most of them are also close to 2σ level in
all of the Series.
In addition to this subset, the same analysis has been
performed for all observatories, in total 2,123. They will be
accessible as a supplement through publisher’s repository.
When all of them included, only approximately 10%, 2.5%,
0.3% falls in 1σ, 2σ, 3σ levels, respectively. However, to
have a complete statistics for current observatory sites, the
database of the list has to be updated so that it only includes
professional sites.
The SIAS Series analysis for the observatories is given in
the Table 5. Using the 3σ rule given in Table 7, the following
points are noted for the listed regions: (1) Most are around
or above 1σ in all of the Series; (2) Almost half of them are
above 2σ level in all of the Series.
The most important outcome of this study is to create a
database of “Suitability Index” for any terrestrial coordinate
on Earth. This tabulated database will also contain all Se-
ries studied in this work. Therefore, amateurs, institutions
or countries aiming to construct an observatory could cre-
ate a short–list of potential site locations using SIAS values
created for each country without spending time and budget.
The outcomes and datasets of this study has been made
available through a web site, namely “Astro GIS Database”
on www.astrogis.org.
5 SUPPLEMENTARY MATERIAL
Additional supporting information include two files in the
online version of this article and in Aksaker et al. (2019).
GSSA-Table6-Full.txt: Complete version of Table 6,
values of 6 Layers (CC, DEM, PWV, AOD, WS, LULC) and
values of 4 SIAS Series (A, B, C, D) for all observatories.
GSSA-Figure4-Full.pdf: Complete version of Fig. 4,
Layouts of 4 SIAS Series (A, B, C, D) for all countries having
surface area > ∼ 10 km2.
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Table 1. A short summary of earlier works on astronomical site selection. Abbreviations for Layers are divided into two: Main and
Others. Main Layers (marked with ‘X’ when the layer is used in the reference): DEM: Digital Elevation Model, CC: Cloud Coverage,
AL: Artificial Light. Other Layers (in alphabetical order): A: Accessibility, AOD: Aerosol Optical Depth, AT: Air Temperature, AU:
Aurora, AI: Airglow, ATE: Atmospheric Termal Emission, BL: Boundary Layer, BP: Barometric Pressure, D: Dewpoint, FS: Free Seeing,
GH: Geopotential Height, IH: Inversion Height, IF: Inversion Frequency, LU: Land Use LC: Land Cover, LS: Local Specifications, O:
Orography, OLR: Outgoing Longwave Radiation, OT: Optical Turbulence, PWV: Precipitable Water Vapor, RH: Relative Humidity,
S: Seismicity, SB: Sky Brightness, SD: Sunshine Duration, SW: Surface Wind, T: Temperature, TS: Terrain Slope V: Vegetation, VP:
Vapor Pressure, VV: Vertical Velocities, WD: Wind Direction, WS: Wind Speed.
Region Main Layers Other Layers References
DEM CC AL
West China X X - A, PWV, SD, SW, VP Yao (2005)
Global X X - AOD, AT, D, GH, O, PWV, V, VV, OLR, WS Graham et al. (2008)
South Pole X X - AI, AU, BL, FS, SB, ST, PWV Saunders et al. (2009)
Chile - X - AT, BL, FS, OT, PWV, RH, WS Vernin et al. (2011)
Australia X X - - Hotan et al. (2013)
Spain, Chile, Argentina - - - AT, BP, RH, WD, WS Varela et al. (2014)
Turkey X X X AOD, PWV, WS Aksaker et al. (2015)
MENA X X X AOD, AT, PWV, RH, WS Abdelaziz et al. (2017)
Iran X X X AOD, AL, IH, IF, LS, PWV, RH, S, SB, WS Nasiri et al. (2019)
Pakistan X X X A, AOD, LU, LC, S, TS, WS Daniyal & Hassan Kazmi (2019)
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Table 2. Source, location and characteristics of datasets. Some datasets use more than one product. Resolution given here represent
original dataset; the final resolution is fixed to 1 km. Time coverage is usually taken from the satellite repositories. Two products of
Aqua/Terra satellites have different time coverage: Feb 2000 to date and 2002 to date for MOD and MYD products, respectively. Time
coverage of CC was started from July 2003 due to irregularities in earlier records from MYD35 L2 product.
Layer
Satellite/Instrument Product Resolution Coverage Size
Resource Location
CC
Aqua/Terra-MODIS MOD35 L2 1 km 2000-2019 24 TB
(NASA/LAADS DAAC) MYD35 L2 2003-2019
ladsweb.modaps.eosdis.nasa.gov/archive/allData/61/
DEM
USGS - EROS Data Center (EDC) GTOPO30 1 km 1996 1.7 GB
earthexplorer.usgs.gov
AL
NOAA/SUOMI-NPP VIIRS/DNB 750 m 2016 25 GB
https://eogdata.mines.edu/download_dnb_composites.html
PWV
Aqua/Terra-MODIS MOD07 L2 5 km 2000-2019 10 TB
(NASA/LAADS DAAC) MYD07 L2 2002-2019
ladsweb.modaps.eosdis.nasa.gov/archive/allData/61/
AOD
Aqua/Terra-MODIS MOD04 3K 3 / 10 km 2000-2019 24 TB
(NASA/LAADS DAAC) MYD04 3K 2002-2019
MOD04 L2
ladsweb.modaps.eosdis.nasa.gov/archive/allData/61/
WIND
Model Measurement Global Wind Atlas 225 m 2019 14 GB
globalwindatlas.info
LULC
Aqua/Terra - MODIS MCD12Q1 10 km 2018 200 MB
ladsweb.modaps.eosdis.nasa.gov/opendap/allData/6/MCD12Q1/contents.html
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Table 3. Summary of input and output of MCDA analysis for all the layers. AOD is a dimensionless number giving the total amount of
aerosol within the vertical column over the site location. Since final layer resolution is fixed to 1 km, “Original Resolution” is given here.
Definition used in Process column: NN: Nearest Neighbor Algorithm; LFZ: Linear Fuzzy Logic; L: Logarithm (base 10); SFL: S-shaped
Inverse Sigmoidal Fuzzy Logic.
Layer Original Resolution Process Layer Value Scale
(km) IN OUT Min Max Unit 0 (Worst) 1 (Best)
CC 3 NN LFZ 0.3 0.95 % Cloudy Clear
DEM 1 - LFZ -408 8,685 m Lowest Highest
AL 0.375 NN L+SFL 0 1682.71 W cm−2 sr−1 Bright Dark
PWV 5 NN LFZ 0.68 53.54 mm High Low
AOD 3, 10 NN LFZ 0 4.98 - High Low
WS 0.225 NN LFZ 0.01 84.67 m s−1 Fast Slow
LULC 5 NN - - - CLASS - -
MNRAS 000, 1–20 (2020)
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Table 4. Series created in MCDA analysis for the layers discussed
above. In each series a weight is given to each targeted layer. In
all four series created, layer list of earlier works were modified in
this work.
SIAS Series CC DEM AL PWV AOD WS
A 1 1 1 1 1 1
B 1 1 1 - - -
C 2 1 1 - - -
D 1 2 1 - - -
MNRAS 000, 1–20 (2020)
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Table 5. The results for a selected list of previous works on astronomical site selection. The table is in increasing publication year
order. The AL layer is excluded because all of the selected observatory sites are located in dark regions (having AL values as 0.00).
LULC identification numbers are taken from Table 3 of Sulla Menashe & Friedl (2018). Regions from earlier studies: KALSU (West
China); Shiquanhe (West China); OMA (West China); Chajnantor (Chile); Cerros Tolar (Chile); Cerro Armazones (Chile); Cerro Tolon-
char (Chile); San Pedro Ma´rtir (Mexico); Mauna Kea (Hawaii); Mt Meharry (Australia); Mereenie (Australia); ORM (Spain); Aklim
(Morocco); Ventarrones (Chile); Macon (Argentina); Dinava (Iran); Gargash (Iran); Nok Kundi (Pakistan); Kalat (Pakistan); Kalam
(Pakistan). References: [1] (Yao 2005), [2] (Sarazin et al. 2006), [3] (Scho¨ck et al. 2009), [4] (Hotan et al. 2013), [5] (Varela et al. 2014),
[6] (Nasiri et al. 2019), [7] (Daniyal & Hassan Kazmi 2019).
Region Layers SIAS Series
Name Ref. λ Φ CC DEM PWV AOD WS LULC A B C D
KALSU [1] 74.80 38.15 0.31 4360 2.13 0.39 9.74 16 0.83 0.73 0.71 0.67
Shiquanhe [1] 80.02 32.32 0.20 4788 1.9 0.25 6.93 16 0.87 0.78 0.78 0.73
OMA [1] 83.07 32.55 0.24 4976 2.08 0.29 7.03 16 0.86 0.78 0.77 0.73
Chajnantor [2] -67.75 23.02 0.13 5032 2.43 0.05 8.33 16 0.88 0.81 0.82 0.76
Cerro Tolar [3] -70.09 -21.96 0.07 2150 11.28 0.08 6.04 16 0.82 0.73 0.77 0.62
Cerro Armazones [3] -70.18 -24.58 0.05 2885 7.35 0.05 4.91 16 0.85 0.76 0.81 0.66
Cerro Tolonchar [3] -67.97 -23.93 0.13 4255 2.65 0.04 4.38 16 0.87 0.79 0.80 0.72
San Pedro Ma´rtir [3] -115.46 31.04 0.17 2657 15.15 0.12 4.78 10 0.79 0.71 0.74 0.62
Mauna Kea [4] -155.48 19.83 0.14 3865 13.75 0.07 5.42 16 0.83 0.77 0.79 0.69
Mt. Meharry [4] 118.58 22.98 0.28 1100 18.93 0.01 6.49 7 0.73 0.62 0.63 0.50
Mereenie [4] 132.20 23.88 0.25 790 15.75 0.00 6.48 7 0.75 0.61 0.64 0.49
ORM [5] -17.89 28.76 0.28 2139 21.47 0.25 N/A 9 0.74 0.64 0.65 0.55
Aklim [5] -2.43 34.91 0.38 146 17.34 0.11 4.28 12 0.71 0.55 0.56 0.43
Ventarrones [5] -70.40 24.62 0.05 2528 9.50 10 5.69 16 0.83 0.75 0.80 0.64
Macon [6] -67.78 22.93 0.14 5130 2.55 0.10 9.09 16 0.88 0.81 0.82 0.76
Dinava [6] 50.54 34.09 0.24 1542 12.07 0.27 5.12 7 0.77 0.65 0.67 0.54
Gargash [6] 51.31 33.67 0.24 3359 10.41 0.19 9.42 10 0.80 0.71 0.72 0.64
Nok Kundi [6] 62.75 28.82 0.12 675 16.04 0.35 6.59 16 0.74 0.63 0.69 0.50
Kalat [6] 27.70 27.70 0.14 1430 18.31 0.30 6.35 16 0.77 0.68 0.72 0.56
Kalam [6] 34.00 34.00 0.27 610 18.37 0.59 4.83 10 0.72 0.61 0.63 0.49
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Table 6. The results for astronomical sites hosting a +4 m class telescope. The table is in decreasing latitude order from South to North.
The AL layer is excluded because all of the selected observatories are located in dark regions (having AL values as 0.00) except MDO
with AL value of 49.5. LULC identification numbers are taken from Table 3 of Sulla Menashe & Friedl (2018). Observatory abbreviations
(given geographic coordinates usually represents a single telescope among others): SAAO: South African Astronomical Obs.; CPO: Cerro
Pacho´n Obs.; CTIO: Cerro Tololo Inter-American Obs.; LCO: Las Campanas Obs.; CA: Cerro Armazones.; PO: Paranal Obs.; MKO:
Mauna Kea Obs.; ORM: Roque de los Muchachos Obs.; MDO: McDonald Obs.; FLWO: Fred Lawrence Whipple Obs.; KPNO: Kitt Peak
National Obs.; MGIO: Mount Graham International Obs.; PalO: Palomar Obs.; LO: Lowell Obs.; DAG: Eastern Anatolia Obs.; BAO:
Beijing Astronomical Obs.; SAO: Special Astrophysical Obs.; MRO: Maple Ridge Obs. Full observatory list will be available online.
Observatory Layers SIAS Series
Abbreviation λ Φ CC DEM PWV AOD WS LULC A B C D
SAAO 20.81 -32.37 0.15 1640 9.71 N/A 7.57 2 0.80 0.68 0.72 0.57
CPO -70.73 -30.24 0.19 2600 7.07 0.26 4.98 2 0.81 0.70 0.72 0.61
CTIO -70.80 -30.16 0.18 1751 8.21 0.30 3.74 2 0.80 0.68 0.71 0.57
LCO -70.70 -29.00 0.12 2144 7.48 0.26 3.48 2 0.82 0.71 0.75 0.60
CA -70.20 -24.60 0.05 2789 7.35 0.06 4.74 16 0.85 0.77 0.81 0.66
PO -70.40 -24.62 0.05 2374 9.50 0.10 5.99 7 0.83 0.74 0.79 0.63
MKO -155.47 19.82 0.14 4120 13.13 0.08 5.33 7 0.83 0.78 0.79 0.71
ORM -17.89 28.75 0.28 2214 21.47 0.25 5.57 4 0.74 0.65 0.66 0.56
MDO 104.02 30.67 0.30 1953 12.81 0.09 5.71 2 0.77 0.64 0.65 0.54
FLWO -110.88 31.68 0.30 2369 12.25 0.11 6.31 5 0.77 0.66 0.66 0.57
KPNO -111.59 31.95 0.27 1810 13.80 0.13 6.13 2 0.76 0.65 0.66 0.54
MGIO -109.89 32.70 0.29 3081 11.20 0.10 7.01 5 0.80 0.68 0.68 0.61
PalO -116.86 33.35 0.22 1676 14.20 0.09 2.77 4 0.77 0.66 0.68 0.55
LO -111.42 34.74 0.29 2330 9.43 0.06 3.23 9 0.79 0.66 0.67 0.57
DAG 41.23 39.78 0.36 2989 5.48 0.17 6.66 5 0.79 0.66 0.65 0.59
BAO 117.57 40.39 0.40 825 11.52 0.22 2.02 1 0.73 0.57 0.57 0.46
SAO 41.44 43.64 0.41 1995 8.48 0.09 4.77 8 0.77 0.61 0.59 0.52
MRO -122.57 49.28 0.60 356 11.89 0.17 1.47 1 0.69 0.47 0.45 0.37
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Table 7. The statistics of SIAS Series. See Section 4.1 for explanation and details.
Sigma Level
Stat. of the series Observatories (N)- Ratio (%)
Surface Area (×106 sq.km) - Ratio to Total Land (%)
Series Min µ σ Max µ + 1σ µ + 2σ µ + 3σ
A 0.38 0.71 0.05 0.93
0.77 0.82 0.87
205 9.66 37 1.74 3 0.14
63.80 37.38 19.59 11.47 3.79 2.22
B 0.09 0.54 0.08 0.89
0.62 0.70 0.77
219 10.32 39 1.84 10 0.47
43.26 25.35 27.87 16.33 3.67 2.15
C 0.09 0.54 0.10 0.87
0.63 0.73 0.83
235 11.07 43 2.03 1 0.05
41.67 24.42 29.36 17.20 4.08 2.39
D 0.07 0.44 0.07 0.92
0.51 0.58 0.66
239 11.26 89 4.19 10 0.47
45.18 26.47 22.53 13.20 5.13 3.01
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Observatories
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Water Surfaces
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!( Observatory Site
Observatory Sites Hosting a +4 m Class Telescope
Figure 1. The GIS layers used in this study (from top to bottom): 1st panel: CC (left), DEM (right); 2nd panel: AL (left), PWV (right);
3rd panel: AOD (left), WIND (right); 4th panel: LULC (left), Observatory location (right). Abbreviations in LULC layer are enumerated
from table 3 of Sulla Menashe & Friedl (2018). See Section 2 for details.
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Figure 2. The pipeline of the site selection process. See Section 3 for details.
MNRAS 000, 1–20 (2020)
18 N. Aksaker et al.
:
SIAS - Series A
0.38 0.71 0.93
Water Surfaces
Antarctica
Km.0 5.000 10.000
0.0 0.2 0.4 0.6 0.8 1.0
0.0
0.5
1.0
1.5
2.0
:
SIAS Series - B
0.09 0.54 0.89
Water Surfaces
Antarctica
Km.0 5.000 10.000
0.0 0.2 0.4 0.6 0.8 1.0
0.0
0.2
0.4
0.6
0.8
1.0
1.2
:
SIAS Series - C
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Figure 3. SIAS Series created from GIS/MCDA analysis. Layouts (left column) of SIAS Series A (top) to D (bottom) are given
respectively, along with their histograms (right column). Frequency of all histograms are normalized with 107. The histogram also
includes the mean, µ (solid line), µ + 1σ (dotted line), µ + 2σ (dashed line), µ + 3σ (dash-dotted line). Statistical values are given in
Table 7.
MNRAS 000, 1–20 (2020)
Global Site Selection 19
SIAS Series A SIAS Series B SIAS Series C SIAS Series D
Hawaii
0.49 0.85 0.15 0.78 0.14 0.80 0.12 0.71
Chile
0.54 0.91 0.19 0.87 0.21 0.87 0.15 0.84
Canary
Islands
0.53 0.81 0.19 0.75 0.23 0.77 0.15 0.67
Iran
0.54 0.85 0.20 0.78 0.25 0.80 0.16 0.73
Pakistan
0.55 0.89 0.27 0.84 0.34 0.80 0.22 0.86
China
0.44 0.93 0.13 0.89 0.13 0.84 0.12 0.91
Figure 4. The results of GIS/MCDA analysis in all series for a limited number of countries (top to bottom panels with longitude order):
Hawaii, Chile, Canary Islands, Iran, Pakistan and China. SIAS Series A-D are given from left to right. Minimum (left – red in color
grading) and maximum (right – blue in color grading) values of each series are given below the corresponding map. Color black represents
built-up area within the country. All country layouts will be available online.
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